With the characteristics of mobile sensor network for dynamic change of indoor network structure and node position, in order to overcome the shortage of localization accuracy and sampling efficiency of Monte Carlo localization algorithm in wireless sensor networks (WSN), a location algorithm based on RSSI and improved Monte Carlo localization is proposed to locate indoor mobile nodes. First, the paper describes the classical MCL algorithm and the received signal intensity RSSI model, and then an improved MCL algorithm is designed. The algorithm through introducing the received signal strength indicator model of range prediction, using distance information filtering samples, and finally using the filtered samples of the weighted average to estimate the location of nodes and reducing the sampling area, improves the sampling efficiency and positioning accuracy. The simulation results show that the improved MCL algorithm based on RSSI improves the convergence speed compared with the traditional algorithm, and uses the distance information to filter samples to reduce the computational overhead and improve the positioning accuracy. Under the same conditions, the improved MCL algorithm based on RSSI reduces the positioning error by about 45% compared with the traditional Monte Carlo algorithm.
INTRODUCTION
Now there are two main localization algorithms for WSN: Rang-Based localization algorithm and Rang-Free localization algorithm. Among them, algorithm based on signal with Time-Of-Arrival (TOA) [2] , algorithm based on different signal with Time-Difference-Of-Arrival (TDOA) [3] , algorithm based on signal with Angle-of-Arrival(AOA) [4] and algorithm based on signal with Received-Signal-Strength-Indication(RSSI) [5] , they belong to Range-Based localization algorithm. Centroid algorithm for solving polygon geometric center of gravity based on neighbor nodes [7] , algorithm based on nodes with Distance-Vector-Hop (DV-Hop) [4] , Multi-Dimensional Scaling Map( MDS-MAP) algorithm [7] , these algorithms are fixed node localization algorithms and they belong to Rang-Free localization algorithm. The mobile node localization algorithm for WSN 459 was first proposed Monte Carlo location algorithm (MCL) by American Hu and Evans in 2004. As workshop resources have extensive mobile characteristics, the paper has proposed a workshop mobile node localization algorithm (R-MCL) based on RSSI modified MCL according to reference [4] , which is based on the RSSI and MCL localization algorithms, there are many problems, such as large computation, long computing time, large energy loss of nodes, and no motion prediction. In fact, the trajectory of workshop manufacturing resources is generally regular, i.e., the motion parameters cannot be changed commonly, so we can make use of the mobile node several time points of data, predict the trajectories of the mobile node at the present time, reduce the range of sampling algorithm, improve the sampling efficiency and the accuracy, so as to improve the positioning accuracy.
CLASSICAL MCL ALGORITHM
Monte Carlo localization algorithm was first proposed and applied to WSN mobile node localization in 2004 by Hu L. of Virginia University referring robot localization method, which the core idea is based on the Bayesian filtering location estimation, the expected location of the unknown mobile node (workshop mobile resource) at the next time point is expressed as a posterior probability density distribution by the weighted sample set. The location of MCL is divided into three steps: initialization, sampling and result output [7] . Among them，sampling is the core step, which is divided into three stages: prediction, filtering and importance sampling.
LOCATION OF WORKSHOP MOBILE NODES BASED ON RSSI IMPROVED MCL
The improved algorithm proposed in reference 7-8 provides a new way for localization in indoor and outdoor mobile nodes, but the distance between the reference node and the RSSI two kind of information as a reference to correct the unknown node distance is not proposed by other researchers. The core idea of improving MCL algorithm based on RSSI is to use RSSI statistical model to calculate the distance information between nodes, and then use it as the observation value of filtering phase in MCL algorithm, so as to improve the positioning accuracy of the algorithm.
RSSI Model
In WSN, the received signal strength indicator (RSSI) is used to determine the quality of the link, and the distance between the signal point and the receiving point is determined by the received signal strength. But the RSSI signal attenuation influenced by the external environment, according to the theory of the existing propagation models and propagation model based on the measured in the workshop mobile resource environment, the average received signal strength according to the logarithmic law. Therefore, the average signal strength can be modeled by the log normal model of formula 1:
(1) Among them, Pm indicates the signal strength received at distance m (unit: dB m ), Pm0 indicates the signal strength received by the reference node at a distance of m0 (unit: dB m ), n means path loss index, m represents the distance between anchor nodes and unknown nodes, m0 represents the distance between the reference node and the unknown node,  X represents the random error of actual and estimated path loss, which mainly depends on the number of obstacles between nodes and the influence threshold of obstacles on signals.
In the workshop environment studied in this paper, we define R as the received signal strength value, and T is the signal intensity at the distance of 1.2 meters from the signal transmitting node, m is the distance between the unknown node and the signal transmitting node. Considering the influence of the number of obstacles and the obstacles on the signal, through field experiments, take reference value X=-35, n=2.6. Then the workshop model is shown in formula 2:
Due to the signal attenuation RSSI is greatly affected by the external environment, many times the same RSSI value occurs and the distances between nodes are different in the same WSN, which causes the distance between the final estimate and the actual distance is very large. To correct this error, we calibrate the distance between unknown nodes by referring the distance between reference nodes and RSSI two kinds of information.
Then the unknown node W receives the average value of the RSSI of the reference node RI (unit: dBm) and the unknown node W receives the reference node I, the signal intensity average PI (unit: mW) conversion as shown in formula 3: 
According to formula 3, the Conversion formula of the reference node I receives the average value RIJ(unit: dBm) of the RSSI and average signal strength PIJ(unit: dBm) of another reference node J as shown in formula 4:
(5) Among them, DWI represents the distance between the unknown node W calculated from the previous formula and the reference node I, DIJ represents the distance between the two reference nodes I and J.
As shown in Figure 1 , the solid circle in the graph represents the unknown node, and the hollow circle represents the reference node, J is an unknown node W jump reference node, J1, J2 is the reference node within the J communications 
Improved MCL algorithm description based on RSSI
In order to overcome the signal attenuation of RSSI which influenced by the external environment, according to the scene of workshop, In the 2.1 section, the ranging model and the correction processing of RSSI are introduced, which reduces the error of distance estimation from outside environment, and improves the ranging precision effectively. On this basis, a workshop Mobile Resource Location Algorithm (R-MCL) based on RSSI improved MCL is proposed. The algorithm is divided into the following phases: ， then we enter the ranging prediction phase. At this stage, we introduce the RSSI model to calculate the distance between the unknown nodes and the reference nodes, and then correct them to reduce the error and improve the positioning accuracy.
RANGING PREDICTION AND SAMPLING
In order to obtain the sample set K t of the current time point t, needing the location the sample set Kt-1 of the forward time point t-1 as the circle center, the maximum speed V max as the radius, a hop reference node communication radius. R as the constraint condition (in order to reduce the amount of computation, when reference nodes are too many, we take the distance information of the nearest three reference nodes. And in order to facilitate the sampling algorithm, we take the circumscribed square of the communication circle instead of the effective communication circle.). The shaded section in Figure 2 shows the valid sampling area, W t-1 and W t respectively indicate the location of the previous time point and the current time point of the unknown node W, J 1 and J 2 are the closest two reference nodes of a jump reference node. If there is no overlap valid sampling area due to the RSSI range error, the other two nearest reference nodes are iteratively selected until a valid sampling region position is present.
PARTICLE FILTRATION
In the filtering phase, samples that are completely impossible are removed from 463 the predicted location sample set by listening to broadcast information. The classical MCL filtering algorithm is adopted in this paper. When the distance between the unknown node W and one hop and two hop reference node J is greater than the node's own communication radius R, the sample is discarded. The sample accord with formula 6 is retained until the number of samples in accordance with the filter condition reaches N, otherwise the second stage is repeated.
WEIGHT ALLOCATION AND LOCATION ESTIMATION
According to the communication principle of nodes, the closer the sample node is to the reference node, the less the signal attenuation, and less interference from the outside world, the smaller the error of the RSSI model, which shows that the range accuracy of this sample is higher and the greater the proportion of the allocation because the predicted position of the sample is closer to the real location of the unknown node. According with the forward three steps, we can obtain the sample set K={K 1 ,…,K N }, and take its coordinates as ( 
Through the formula 7 to obtain N samples with weight, then the current time point unknown node W position coordinates can be expressed as follows:
SIMULATION RESULTS AND ANALYSIS OF R-MCL
Generally, location accuracy and sampling efficiency are two key indexes in evaluating location algorithm. The simulation experiments of this paper are carried out on the MATLAB system platform. In simulation experiments, in order to facilitate data statistics and performance comparison, we assume that all unknown nodes (workshop, mobile resources) are subject to a random moving model, i.e., the unknown trajectory of unknown nodes at next point of time, but the maximum speed V max of the unknown node is determined. In the initialization phase, all nodes are randomly distributed in a circular region with a radius of 200m, the values of the relevant parameters are as follows: the time interval T is 1s, the total sample M number is 50, the reference node density S d is 1, the unknown node density n d is 10. Considering the influence of the number of obstacles and the obstacles on the signal to the threshold, through field experiments, the random error of the actual and estimated path loss in the RSSI ranging model is -35, and the signal loss factor n is 2.6. As following, the simulation experiments are carried out and experimental analyzed respectively from three aspects such as reference node density (S d ), unknown node density n d and RSSI error (X σ ).
The Location Error Varies with the Reference Node Density (S d )
The influence of the reference node density (S d ) on the positioning accuracy is shown in Figure 3 . When the reference node density is from 0 to 1, the positioning error is reduced rapidly, when the reference node density increases to a certain value (greater than 2), the localization error varies little with increasing density, this is because, for mobile nodes, as long as three effective reference node can achieve the filter condition of the R-MCL algorithm, and greatly reduce the sampling range. But with the RSSI model of range errors existing, if the increase of reference number of nodes, it not only increases the amount of calculation, but also cannot improve the positioning accuracy. Therefore, in order to save the cost of hardware input, R-MCL algorithm and MCL algorithm, the value the reference node density in general between of 1-2. 
The Localization Error Varies with the Unknown Node Density (M d )
The influence of the unknown node density (m d ) on the positioning accuracy is shown in Figure 4 . In this paper the range prediction process of RSSI model is mainly based on the information of one hop reference node to determine the sampling area, the two hop reference node is used as a reference in the R-MCL algorithm particle filter. When the unknown node density increases, the two hop reference nodes increase, and to some extent, the localization error decreases, but the range is not large. Since we do not increase the reference node density in the simulation process, the localization accuracy increases little with the increase of unknown node density.
The Location Error Varies with the RSSI Ranging Error (X Σ )
As the improved Monte Carlo localization algorithm based on RSSI distance measurement is based on RSSI model ranging, obviously, RSSI ranging error will directly affect the positioning accuracy of R-MCL algorithm. As shown in Figure 5 , the location error of R-MCL algorithm increases with the RSSI range error, and it is shown in the simulation experiment, when the reference node density is reduced to a certain extent, the RSSI ranging error X σ greater than 10, the RSSI ranging information is not satisfied with the filter condition. At this time, if the reference nodes cannot be added, only the classical MCL algorithm can be considered, or other non-location algorithms are used. 
SUMMARY
According to the location demand of mobile resources in workshop, taking into account the moving characteristics of workshop mobile resources, an improved Monte Carlo localization algorithm based on RSSI is proposed in this paper. The core idea of the algorithm is to use weighted sample sets to estimate the posterior probability density distribution of unknown node locations, and with the sample set updated iteratively, and finally used the weighted average to estimate the location of unknown nodes. The R-MCL algorithm is introduced into the RSSI ranging model, the correction processing is carried out and the sampling area is effectively reduced, which makes the algorithm can improve the positioning accuracy, convergence speed and computational complexity. Simulation experiments show that, the algorithm can effectively improve the positioning accuracy of 45%, reduce the invalid sampling and reduce the computational power consumption of nodes. The algorithm is based on ranging, as for the application of low positioning accuracy, the algorithm will be combined with the range free algorithm, and other studies will be carried out.
